Methods
Polymer identification. A subset of particles and microfibers ingested by larval fish were selected for polymer identification using both Raman microscopy (Kaiser Optical Systems, Inc. Raman RXN Systems Raman microprobe with an Invictus 785 nm laser and Leica DMLP microscope) and attenuated total reflectance Fourier transform infrared microscopy (ATR FT-IR; Thermo Fisher Scientific Nicolet iN10 MX with an MCT detector) (SI Appendix, Table S3 ). Glass and foil supplies were baked at 450°C for 5 hr and samples were handled under a HEPA hood to minimize contamination. Plastic vials containing the sample particles in 70% ethanol were centrifuged at 7,800 rcf for 5 min. Samples plus ethanol rinses were transferred with glass pipets into aluminum Chemplex pellet cups. Cups were covered with foil and dried at 110 °C for ~20 min. Three additional cups received ethanol and were handled identically as the sample cups to serve as laboratory blanks. Under visible light, photographs of particles were taken with 2.5x, 10x, and 50x objectives and compared to original photographs to assure the original fiber was recovered. At the University of Hawai'i at Mānoa, under the 50x objective, a Raman spectrum was captured using a 785 nm laser producing approximately 33 µW of power. Multiple spectra were captured on each particle. Raman spectra were background subtracted and fast Fourier transform smoothed before searching through the KnowItAll library (Bio-Rad, Hercules, CA). The fibers were placed between two glass microscope slides wrapped in tape and shipped to Thermo Fisher Scientific where they were scanned using a Nicolet iN10 MX Fourier transform infrared spectroscopy microscope using the microATR accessory and an MCT detector. The spectra were searched through multiple libraries. Matches >70% from the Raman and IR spectra were assessed for a final identification. Cellulose with pigment or chemical additives detected were determined as artificial or anthropogenic in origin.
Disclaimer: Certain commercial equipment, instruments, or materials are identified in this paper to specify adequately the experimental procedure. Such identification does not imply recommendation or endorsement by the National Institute of Standards and Technology, nor does it imply that the materials or equipment identified are necessarily the best available for the purpose Remote sensing. We applied an object-based supervised classification approach to identify surface slicks using the eCognition software (http://ecognition.com). An object-based method was selected because it can be tuned to detect the distinct long ribbon shape of the surface slicks (1). First, we used a region-based multiresolution segmentation to partition images into objects (2). Following that step, the blue, green and near-infrared spectral channels were utilized in a nearest neighbor classifier to identify surface slicks, regular seawater, land and other surfaces. Along with the spectral channels, morphological shape (shape index = Perimeter/4 * area) and area (number of pixels) indices of the object features were also applied in the classification. After the surface slick extents were derived, a manual clean-up of the data was undertaken to ensure that only surface slicks were included in the data products. F) . The spatial extent of remote sensing detection is shown as shaded regions in each panel. The area of surface slicks and ambient waters as a percentage of the study area and the percent area of ambient waters that are within 500m of a surface slick for each time point are as follows: A, 8.8% (88 km 2 /998 km 2 ), 91.2% (910 km 2 /998 km 2 ) and B, 49.2% (448 km 2 /910 km 2 ); C, 9.1% (94 km 2 /1,037 km 2 ), 90.9% (943 km 2 /1,037 km 2 ), and D, 47.3% (446 km 2 /943 km 2 ); E, 6.5% (67 km 2 /1037 km 2 ), 93.5% (970 km 2 /1037 km 2 ), and F, 47.0% (456 km 2 /970 km 2 ). 
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